Abstract. Improved prediction, prevention, and control of epidemics is a key technical element of the Roll Back Malaria partnership. We report a methodology for assessing the importance of climate as a driver of inter-annual variability in malaria in Botswana, and provide the evidence base for inclusion of climate information in a national malaria early warning system. The relationships of variability in rainfall and sea surface temperatures (SSTs) to malaria incidence are assessed at the national level after removing the impact of non-climatic trends and a major policy intervention.
INTRODUCTION
Epidemic malaria is a serious scourge of semi-arid and highland areas in Africa. Epidemics occur among vulnerable populations where host immunity to malaria is often nonexistent or poorly developed. It is estimated that epidemic malaria causes between 12% and 25% of estimated annual worldwide malaria deaths including up to 50% of the estimated annual malaria mortality in persons less than 15 years of age. 1 Rainfall anomalies are widely considered to be a major driver of inter-annual variability of malaria incidence in the semi-arid areas of Africa 2 and are therefore included by the Roll Back Malaria Technical Support Network for Epidemic Prevention and Control as one of the key indicators for the development of malaria early warning systems. 3 The goal of Roll Back Malaria is to halve the burden of malaria by 2010. A series of targets for realizing this goal in Africa was set at the Abuja Malaria Summit in April 2000, which included the target that 60% of epidemics be detected within two weeks of onset. 4 Analyses of time-series malaria and climate data have been conducted over the last century in many parts of the world, and have indicated that rainfall excess (or occasionally drought) is correlated with changes in malaria incidence in certain eco-epidemiologic settings, 2 apparently as a result of its impact on the population dynamics of the Anopheles spp. mosquito vector. 5 While there are well-recognized causal relationships between rainfall and malaria transmission (creation of breeding sites favors larger numbers of juvenile, and therefore adult, mosquitoes; increased humidity favors vector survival) the relationship is often non-linear with excessive rainfall sometimes even resulting in less malaria than expected. 6 There are a number of explanations for this nonlinearity. 7 The most widely cited is that excessive rainfall may wash out breeding sites, but other possible factors may be important, such as increased host protection in the light of changes in risk perception, density-dependent vector-host interaction, and possible reductions in temperature, which may result from high evapotranspiration following a deluge. A converse process has also been observed in some humid areas where drought has increased malaria transmission because it results in pooling of rivers and the creation of breeding sites. In general, however, the perceived wisdom is that in the warm semi-arid lowland areas in Africa, rainfall excess is an important predictor of epidemics. 3 With this in mind, satellitederived rainfall estimates have been promoted as an effective means for routine epidemic prediction because they provide information over large areas in a spatially organized way. [8] [9] [10] Malaria early-warning systems based on vulnerability assessment and rainfall variability were used in India in the early part of the 20th century. 11 It is only in recent years, however, that there has been a concerted effort to develop such systems for epidemic prone areas in Africa. 2, [12] [13] [14] In some areas of the world where sea surface temperatures (SSTs) in the Pacific (i.e., the El Niño-Southern Oscillation [ENSO] ) are important predictors of climate events, 15 significant correlations between malaria incidence anomalies and SSTs have been observed. 16 
AIMS OF THE STUDY
The aims of this study were to 1) develop a methodology for disentangling the effects of climate variability and trend from those caused by other non-climate related factors on a time series of malaria incidence data, and 2) assess the impact of rainfall and SST variability on standardized anomalies of annual confirmed malaria incidences for Botswana. Here we report on the findings from this study and their implications for the development of malaria early warning systems in southern Africa.
BOTSWANA
Botswana is a landlocked country with a total land area of 581,730 km 2 . It shares borders with Namibia, Zambia, Zimbabwe, and South Africa. The country is mostly comprised of land 1,000 meters above sea level, with substantial tracts of desert, including the Kalahari in the southwestern region. Temperatures in summer are above 35°C, while winter minimum temperatures can drop to 0°C and below with occasional frost at night in the months of June to August. The average annual rainfall (1961-1990) varies from a maximum of ap-proximately 650 mm in the northern part of the country to a minimum of just under 250 mm in the extreme southwestern region in the Kgalagadi. Although 90% of the rainfall falls during the summer months (November-April), the country is subject to high inter-annual variability and periodic drought. 17 The two malaria vectors, Anopheles gambiae s.l (presumably An. arabiensis) and An. funestus were observed in the then Bechuanaland Protectorate by de Meillon in his classic "Anophelini of the Ethiopian Geographical Region." 18 
MALARIA CONTROL
In Botswana, malaria is ranked as one of the major public health problems and as such is included among the infectious diseases reported routinely through the Health Information System 19 of the Ministry of Health. There is a well-developed National Malaria Control Program that is considered exemplary in the region 4, 20 and supports the following three control activities.
The first is vector control through annual indoor residual house spraying in disease-endemic areas. From 1973 until 1997, this spraying was achieved using DDT. Between 1997 and 1999, Botswana changed from the use of DDT to deltamethrin and lambda-cyhalothrin due to poor availability of quality DDT rather than to insecticide resistance 20 ; these two pyrethroids are still in use today.
The second is chemoprophylaxis for target groups during the malaria season. This includes pregnant women in diseaseendemic areas, residents of areas not endemic for malaria traveling to disease-endemic areas, and school children during epidemic outbreaks.
The third is prompt and effective case management including drug therapy to affected individuals. Treatment is provided free of charge. Chloroquine was abandoned as the firstline treatment in 1997 due to increasing resistance and high rates of treatment failure. It was replaced with sulfadoxinepyrimethamine, which remains the recommended first-line choice for uncomplicated malaria cases.
After the devastating regional malaria epidemic of 1996, malaria control was reinvigorated through a range of initiatives 19, 21 that included changing the first-line drug, the introduction of intramuscular quinine at the health post and clinic level, a change in insecticide, and an extension of the spray program to include newly affected districts. The post-1996 period is therefore described here as the policy intervention period.
MATERIALS AND METHODS
Epidemiologic data. The Botswana Ministry of Health has compiled consistent statistics on malaria incidence since the early 1980s that include national and sub-national data on cases of laboratory-confirmed malaria. In this analysis, epidemiologic and population data were obtained from the Ministry of Health Epidemiology and Disease Control Unit, and the Central Statistics Office in the capital city of Gaborone. We compared national confirmed incidence per 1,000 population for the period 1982-2003 with unconfirmed malaria incidence to test for potential biases in the data over the 22-year period ( Figure 1 ).
Overall these two datasets are highly correlated (R 2 ‫ס‬ 0.74,
However, a comparison of the ratio of mean confirmed malaria and unconfirmed incidence pre-intervention and post-intervention period (before and including 1996 and from 1997 onwards) using analysis of variance showed a significant difference (P ‫ס‬ 0.007). This indicated that a lower proportion of clinical cases was found by laboratory diagnosis to be malaria after the policy intervention rather than prior to it ( Figure 2 ). Rainfall data. While there are a variety of rainfall datasets for Botswana, few are suitable for analyses of long-term trends and variability. Continuous station-based records are generally available only up to the mid-1990s, but they are characterized by an uneven geographic distribution of gauges in the country. However, satellite-derived estimates of rainfall have an even spatial coverage, and some estimates are available from the late 1970s to the present time. 
The 2.5°× 2.5°Climate Prediction Center Merged Analysis of Precipitation (CMAP) version 0407
22 is a dataset constructed from gauge observations, five kinds of satellite estimates of precipitation, and from National Centers for Environmental Prediction reanalysis precipitation. Thus, the CMAP data, which are available from 1979 to the present time, are calibrated against available gauge data and dynamical model estimates (reanalyses) and constitute the best estimates of rainfall using all available sources of information (http://www.cpc.ncep.noaa.gov/products/global_precip/html/ wpage.cmap.html). The data are expressed as daily averages (millimeters per day) for each month. These data are of a much coarser spatial resolution than satellite rainfall estimates distributed, for example, by the Africa Data Dissemination Service, 8 but have the advantage of a consistent time series over the period of study.
Data for the 20 grid areas between latitudes 17.5°and 27.5°S and longitudes 17.5°and 30.0°E were averaged to form estimates of mean monthly rainfall over all of Botswana. Thus, the spatial variability of rainfall within the country was not considered. A set of running three-month seasonal rainfall averages was calculated for the 22 years for months between September and March, when Botswana typically receives more than 90% of its mean annual rainfall.
Sea-surface temperature data. The ENSO phenomenon is the largest mode of variability in the ocean-atmosphere system, and influences rainfall over much of the globe, including southern Africa. 23, 24 Numerous indices of the ENSO phenomenon have been derived, but a simple average of SSTs over the area 5°N-5°S, 170°-120°W, known as the Niño3.4 region, 25 is widely used because of its conceptual simplicity and ease of calculation. Monthly SST data for the Niño3.4 region were used as an index of the ENSO phenomenon. Only a three-month (December-February [DJF]) average was considered. The SSTs were obtained from http:// www.cpc.ncep.noaa.gov/data/indices/sstoi.indices, which is updated in near-real time.
Analysis. To separate the impact of non-climate related trends and the policy intervention on the incidence data from the possible impact of climatic trends, we modeled the relationships in a stepwise regression with log malaria incidence as the dependent variable and CMAP rainfall, policy intervention (0,1), year, as well as two interaction variables [year × ((1 − policy intervention) and policy intervention)], as the independent variables. The stepwise criterion for entry into the model was < 0.05, and the criterion for removing a variable from the model was > 0.10. Including year in the model allows us to separate trend in the data from inter-annual variability, while including the policy intervention enables us to distinguish changes around the mean as a function of the intervention. The two interaction variables (IVs) are included to assess trends before and after the policy change (IV before 1997 and IV from 1997 onwards). The regression was recalculated including CMAP 2 because of an a priori assumption that the relationship of rainfall to malaria may not be linear.
The regression coefficients for year and policy intervention were then used to subtract the impact of these two factors from the time series and the resultant standardized data set was used for further analysis. The mean of the 22-year time series of standardized data was subtracted from each year to produce a standardized data set for annual anomalies in malaria incidence . This anomaly data set was then correlated with the estimated national averaged rainfall anomalies using Spearman's rank order and Pearson's product moment correlation coefficients. Correlations with SST obtained from the Niño3.4 region were also studied. Confidence intervals (95%) for the correlations were calculated using 10,000 bootstrap samples. Two other statistical tests were used to confirm the robustness of our results: logistic regression was used to determine which of the climate variables tested were significant predictors of anomalous malaria years (defined using the higher and lower quartiles of standardized malaria incidence anomalies), and Mann-Whitney U tests were conducted to assess the significance of the difference in estimated malaria incidence using the rainfall model for high and low observed malaria incidence anomalies. The U test is a non-parametric version of the more widely used t-test for differences between means. 26 
RESULTS
Rainfall accumulations from December onwards were significant predictors of log-confirmed malaria incidence. Rainfall for DJF consistently gave the best results and was used in all subsequent analyses.
Both linear and quadratic inter-annual variability models included rainfall as the primary predictor of log malaria incidence (Tables 1 and 2 ). The policy intervention (0,1) and the interaction variable (IV before 1997) were also significant predictors in both models. Although the linear model (Table  1 ) explained more than 75% of the inter-annual variance, the use of a quadratic relationship between CMAP rainfall and log malaria incidence is supported by a significant improvement in model fit (approximately 85% of variance explained; Table 2 ), and by further evidence presented below.
The observed rainfall for DJF 2000, including that associated with tropical cyclone Eline, 27 was the highest observed during the study period but resulted in lower than expected malaria incidence. This may have been due to flushing out of vector breeding sites by the heavy rains, but no information is available to support this line of reasoning. It may also have been due to the heightened state of alert of the Ministry of Health, which repeated the annual indoor residual insecticide spray round immediately after tropical cyclone Eline had passed. In case the non-linear nature of the relationship between CMAP DJF and malaria incidence anomalies was largely due to results for 2000, we repeated the analysis without the 2000 data and plotted the new regression line on the entire dataset (Figure 3 ). There was very little difference between the models with and without 2000 data, indicating that the quadratic nature of the relationship of malaria anomalies to rainfall was robust (as supported by the bootstrap results 1 -policy intervention) , policy intervention).
reported below). On the basis of these observations, all subsequent analyses were conducted assuming a quadratic relationship between rainfall and malaria incidence.
The coefficients for policy intervention and the interaction variable (IV before 1997) from the quadratic CMAP model were used to calculate a separate variable indicative on nonclimatic trends and the effect of the policy intervention. This variable was considered an index of vulnerability. A standardized malaria incidence variable was then calculated by subtracting the vulnerability index from the annual log malaria incidence data. Subtracting the mean value of this standardized variable data resulted in standardized malaria incidence anomalies that were used in subsequent analyses ( Figure 4 and Table 3 ).
Having removed the effects of trends in vulnerability and the policy intervention, we assessed the importance of climate variability in determining the residual variance in malaria incidence. More than 70% of this residual variance was found to be correlated with a quadratic model of nationally averaged seasonal rainfall for DJF ( Figure 5 and Table 3 ). The quadratic nature of this relationship is supported by the 95% bootstrap confidence intervals for the regression parameters (linear CMAP parameter ‫ס‬ 4.66 [2.19-7 .49] and quadratic CMAP parameter ‫ס‬ −0.60 [−1.11 to −0.17], i.e., random samples from the 22-year period had a consistent and similar quadratic form; specifically, the coefficient for the quadratic term was consistently less than 0).
Anomalously high and low standardized malaria incidence anomalies were defined using the higher and lower quartiles of the dataset (highest and lowest five years), respectively. Logistic regression was used to ascertain the predictability of each quartile using the CMAP quadratic model (Figure 6 ). The analysis was supported using the Mann-Whitney U test to establish whether the rainfall quantities differ given high or low malaria.
The CMAP quadratic model successfully discriminated the low and high malaria anomaly years ( Table 4 ). The relationship was strongest for the lower malaria quartile, the driest five years corresponding with the lowest malaria anomalies. High malaria years were also successfully discriminated with the exception of 1993, where high malaria was associated with a just about average rainfall season (1992) (1993) ). However, it should be noted that this epidemic followed a devastating drought (1991) (1992) ) that was associated with the most negative malaria anomaly of the 22-year period (Figure 4) .
We found that negative anomalies in (Table 3) , and accounted for nearly 25% of inter-annual variance in malaria incidence. The relationship for malaria was not improved when SST 2 was included in the analysis. The 95% bootstrap confidence intervals for the regression parameter (linear SST parameter ‫ס‬ −0.51 [−0.84 to −0.19]) further support the robustness of this relationship, as do the results of the Mann-Whitney U test and logistic regression (Table 4) .
DISCUSSION
Detailed studies of the interaction of rainfall and malaria in the general community in Africa are limited. There are many reasons for this deficiency. These include the general weak- ness of the health information systems in most African countries, the lack of diagnostic facilities resulting in a paucity of extended times series of confirmed case data, and difficulties in accessing appropriate rainfall data for the specific locations and time periods for which case data are available. Furthermore, studies on the interaction between climate and malaria have focused in recent years on the potential role of climate change in determining recent increases in malaria transmission in highland areas in Africa 28 where temperature rather than rainfall has been the parameter of greatest interest. [29] [30] [31] These studies have served to highlight the significant methodologic difficulties in undertaking such analyses. 32 Recently, Craig and others studied the relationship between climatic and non-climatic factors and a 30-year time series of malaria case data in KwaZulu-Natal, South Africa. 33 They found significant linear relationships between seasonal changes in case totals and mean maximum daily temperatures (JanuaryOctober) of the preceding season, and total rainfall in the current summer months of November-March. A combination of these climatic factors explained approximately 30-50% of the variance in differential case numbers depending on the climate data source used. Although climate appears to account for much less of the variance of malaria in KwaZula Natal than in Botswana (where a quadratic function of rainfall alone accounted for more than 60% of standardized malaria incidence anomalies), it is interesting to note that key high malaria years in KwaZulu-Natal area, e.g., 1988, 1993, 1996 , and 2000, also correspond with high malaria anomaly years in Botswana, suggesting that regional rather than local processes are likely to be responsible for much of the interannual variation.
In addition, what has emerged most clearly from our and other studies 33 is that changes in population vulnerability as a function of a wide range of processes, (e.g., population dynamics, co-infection, and drug and insecticide resistance) are potentially major causes of trends in malaria case numbers and must be accounted for at least en masse if the impact of variability and climate change on malaria incidence are to be accurately assessed. Such assessments are a necessary part of developing evidence-based malaria early warning systems.
Malaria incidence increased steadily during the first 15 years of the period under study (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) despite an active control program. Previous studies of inter-annual variability in malaria and climate parameters have either ignored the impact of underlying trends in the analysis 34 or have assumed that all trend in the data is not climate related. 32 Here we have used multivariate regression to calculate the underlying trends (the vulnerability index) while controlling for possible climate trends. In the early 1980s, Botswana was engulfed in a regional drought that not only reduced malaria transmission, and therefore herd immunity, but meant that when the rains returned in 1988 the lack of preparedness in the Ministry of Health resulted in high case numbers and a high case fatality rate 21 ( Figure 1 ). Changes in parasite sensitivity to chloroquine, a southward movement in the belt of transmission, and increasing prevalence of human immunodeficiency virus 35 may all have contributed to the trend in incidence. Once the malaria data are standardized, the impact of rainfall on inter-annual variability in malaria incidence in this epidemic region in Africa can be clearly identified. The relationship is non-linear with a plateau of annual incidence occurring with national averaged rainfall, estimated by CMAP to be between 3.5 and 4.0 mm/day. Consistent results were obtained with each methodology confirming the robustness of our findings. The SSTs were also found to be significantly correlated with standardized malaria incidence anomalies, suggesting that the latter may be partly predicted from seasonal climate forecasts ( Figure 7) . Because of the shortness of the time series (22 years) and the need to include information on underlying trend and a policy intervention, we used a number of different methods (parametric and non-parametric) to test the strength of our results.
The southern African region has a long and varied history of malaria control with the occurrence of periodic epidemics. 4, 20 The countries of the Southern African Development Community are committed to the Abuja Targets for Roll Back Malaria in Africa, and this includes improved detection and response to epidemics. To meet these targets, countries are expected to detect 60% of malaria epidemics within two weeks of onset, and respond to 60% of epidemics within two weeks of their detection. The countries recognize that to achieve these targets they need improved information on when and where epidemics are most likely to occur. As a consequence, the regions malaria control services are actively engaged in the development of climate-based malaria early warning. 36 Our results provide evidence in support of regional policy because they demonstrate a strong impact of DJF rainfall on standardized malaria incidence anomalies at the national level. When combined with information on the malaria trend (an indicator of vulnerability to increased malaria disease), the rainfall information provides warning of high transmission years prior to the peak malaria transmission season (March-April) and can thereby alert the Ministry of Health to increased epidemic risk. It may be possible to provide even earlier warnings of changes in malaria risk on the basis of seasonal rainfall forecasts. Further work is required to assess the relationship of climate variables (including temperature) to standardized malaria incidence at smaller spatial scales in Botswana.
An important outcome of this analysis is that our results suggest that climate since the year 2000 has contributed to the recent success of the malaria control program in reducing malaria incidence and highlights the need for vigilance should less favorable rainfall occur in the future. These results therefore demonstrate the importance of including the confounding effects of climate variability on incidence in the measurements of achievement of malaria targets 37 if we are to get a true assessment of whether malaria is being rolled back.
